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Abstract
This paper presents a review and classification of the literature regarding workforce
planning problems incorporating skills. In many cases, technical research regarding
workforce planning focuses very hard on the mathematical model and neglects the
real life implications of the simplifications that were needed for the model to perform
well. On the other hand, many managerial studies give an extensive description of
the human implications of certain management decisions in particular cases, but fail
to provide useful mathematical models to solve workforce planning problems. This
review will guide the operations researcher in his search to find useful papers and
information regarding workforce planning problems incorporating skills. We not only
discuss the differences and similarities between different papers, but we also give an
overview of the managerial insights. The objective is to present a combination of
technical and managerial knowledge to encourage the production of more realistic
and useful solution techniques.
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1. Introduction
The planning of the workforce in a company is one of the most difficult problems
managers face. As the size of the company increases, the problem tends to get more
and more difficult. The workforce planning defines when and how many employees
should be hired or dismissed and when these employees should work. Hence, it is a
combination of staffing and scheduling decisions. Workforce planning problems entail
some special features that are absent in all other types of resource allocation problems.
When people are involved, the decision environment tends to get very dynamic and
workforce planners face an extremely heterogeneous set of employees. One must not
only take into account different employee preferences and union constraints, but also
the different skills that workers may possess.
In this research, we define skills as the ability of a worker to perform certain
tasks well. Incorporating skills in a workforce planning problem often involves some
unexpected consequences that are not always easy to grasp correctly. First, skills
can have some direct consequences. In certain problems, some tasks can only be
carried out by personnel members who possess a specific skill and/or skill level. Other
problems focus on the differences in performance of differently skilled persons and try
to maximize some company specific performance measures like quality, speed of work,
etc. Sometimes, differently skilled persons entail different costs and the company
wants to minimize the total labour costs. Second, in addition to these direct skill
consequences, mixing different types of skills, working in teams, skill substitution,
cross-training, learning effects, etc., involve some indirect and sometimes unexpected
consequences that can have a positive or negative effect on the performance of the
company.
On top of the complex consequences of skills, finding a good solution technique
appears to be even more difficult, especially when real-life problems are considered.
2. Research objectives
The objective of this paper is to provide an overview and classification of the
literature to guide the operations researcher in his search to find useful papers and
information regarding workforce planning problems incorporating skills. The unique
feature of this approach is that we not only consider the relevant technical literature,
but also the managerial literature. The main idea is that skill related workforce deci-
sions actually belong to human relations management, but should be made based on
sound technical methodologies. Unfortunately, only few papers succeed in combin-
ing both aspects. On the one hand, technical research regarding workforce planning
usually focuses on the mathematical model and neglects the real life implications of
the simplifications that were needed for the model to perform well. The inclusion of
skills into the problem remains in many cases limited to the section of future research.
Another problem that arises is that the formulated model is not yet applied or tested
with real data in many papers [112]. On the other hand, many managerial studies
give an extensive description of the human implications of certain management deci-
sions in particular cases, but fail to provide useful mathematical models to solve the
problem [29].
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This paper first focuses on the managerial knowledge regarding skills in workforce
planning problems. Next, the state of the art of the technical knowledge in operations
management literature is reviewed concerning mathematical models for solving work-
force planning problems incorporating skills. Many technical research papers do not
consider all possible consequences of certain decisions regarding skills or make wrong
or incomplete assumptions in their model. Such models do not represent a realistic
scenario and are likely to fail in real life applications. In Section 3, we investigate
the dynamics of different skill types that are used in the literature to obtain a good
representation of reality. This is useful for the operations researcher to check the
correctness and completeness of his model. In Section 4, an overview is presented
of the techniques that are used to model and solve different skill related workforce
planning problems.
To search for relevant literature on skill related workforce planning, we first looked
for review articles. Unfortunately, no review papers exist that are dedicated to skills
in workforce planning problems. Some review papers exist that focus on general
workforce planning problems [5, 30, 53, 82, 112], but none go into detail regarding
skills. Therefore, we conducted a direct search in Science Direct, Web of Knowledge
and Business Source Premier on relevant articles and used search queries such as skill*,
staff*, personnel, workforce, worker, crew, schedul*, plan* and roster*. Hence, the
collection of articles reviewed in this research consists of the relevant articles presented
by the previous general review papers [5, 30, 53, 82, 112] and the articles resulting
from our direct search as well as references therein. We limited our search to papers
published after the year 2004 and the cut-off date is December 2012. Exceptions were
made for interesting older papers that were cited multiple times.
To the best of our knowledge, this paper is the first literature review that com-
bines managerial insights and technical and mathematical knowledge to guide the
operations researchers to solve workforce planning problems incorporating skills.
3. Managerial aspects of skill related workforce planning
As an operations researcher, it is important to identify all potential factors that
may impact the workforce decisions. In this section, different types of skills are defined
and we analyze the impact of different skill types on the problem formulation.
3.1. Definition of skills
In this literature review we define skills as the ability to perform certain tasks well.
As this is a very broad definition, we identify two different skill classes to structure
our analysis of the skill literature; the hierarchical class and the categorical class.
Next, we consider seven main skill determinants that are used in the literature to
determine skills. Finally, we look at the performance measures used in operations
research papers that are impacted by the skill level of the employees.
Defining different classes and types of skills facilitates the investigation of the dif-
ferent consequences and dynamics of including skills in a workforce planning problem.
This is very helpful since many researchers, e.g., Buchan and Dal Poz [29], Markes
[95] and Gibbs et al. [62] complain about the haziness concerning the effects of skill
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decisions. Markes [95] also mentions that there still remains some uncertainty con-
cerning the impact of different ways to manage the skill pool. This section gives an
overview of the dynamics and effects of skills presented in the literature in order to
reduce the haziness surrounding skills.
3.1.1. Skill classes
By analyzing the technical and managerial literature concerning skills in work-
force planning, we discovered two different skill classes: the hierarchical class and the
categorical class. This classification is very useful because both classes appear to have
different effects when skill substitution and cross-training is allowed (see Section 3.2).
In case of hierarchical skills, workers with a lower skill level can do less than workers
with a higher skill level. Workers with a higher skill level are more educated or have
more experience and can therefore perform more tasks, or they can perform certain
tasks better or faster. When skills have a hierarchical nature, higher skilled persons
can perform the tasks that are normally performed by a lesser skilled person. This
is referred to as substitution. While substitution is always possible in this case, the
company can decide whether or not to allow it. Hierarchical skills are usually defined
on a continuous scale but are sometimes discretized in several skill levels. Some
researchers even only use two levels: skilled or unskilled [41, 58, 66, 84, 85, 107].
In case of categorical skills, there is no difference in skill level and the skills of a
worker determine which tasks he or she can perform. In this case, the skills of one
person are not better or worse than the skills of another person. Hence, the different
skills cannot be hierarchically ranked. When a person has a skill that allows him
to perform more than one task, he actually possesses all separate skills to perform
each single task. We refer to a worker who possesses different categorical skills as a
cross-trained worker.
Table 1 shows the papers that make use of hierarchical and categorical skills.
While most papers only consider one skill class in their problem, some researchers
consider both classes at the same time [19, 23, 51, 52, 56, 57, 71, 111] and talk about
skill domains or categories and skill levels. In these papers, the authors assume that
there exists a hierarchical structure in each skill category. Eiselt and Marianov [51],
for example, position each employee and each task in a skill space. Each dimension in
this space represents a different skill and the position in each dimension represents the
skill level. Papers that do not clearly specify the skill class and assume user-definable
skills are listed in the third row of Table 1.
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Table 1: Overview of the literature using hierarchical and categorical skill types
Hierarchical task skills [1, 2, 3, 9, 10, 11, 12, 16, 17, 19, 21, 22, 23, 24, 26, 28,
31, 32, 35, 37, 41, 43, 51, 52, 56, 57, 58, 65, 66, 68, 70,
71, 79, 80, 81, 84, 85, 86, 87, 88, 92, 93, 97, 101, 103,
104, 106, 107, 108, 109, 110, 111, 116, 117, 118, 119]
Categorical task skills [4, 7, 16, 17, 19, 20, 22, 23, 33, 36, 38, 40, 42, 48, 51,
52, 54, 56, 57, 64, 71, 72, 73, 74, 75, 83, 89, 91, 94, 99,
100, 102, 105, 111, 114, 115, 121]
User-definable skills/undefined [15, 49, 55, 67, 68, 69, 77]
3.1.2. Skill determinants
In Table 2, we identify seven different skill determinants. The skills of a person can
be determined by the age or the experience of the employee, the degree of technical
knowledge he acquired or the licenses and qualifications he received. The first three
determinants in Table 2 (the age, the experience and the degree of technical knowl-
edge) belong to the hierarchical class. The fourth determinant in Table 2 (licenses,
qualifications or job title) belongs to the categorical class. In health care applica-
tions, the experience and capability of a nurse is never used directly to formulate a
mathematical model of the problem. Instead, the grades of the nurses are used to
model their skills. The grade is defined by the experience and education of the nurse
and is based on certain national standards [16]. Hence, the nurse grading system
creates hierarchically ordered categories. Because no research paper defines the grade
of a nurse explicitly in the problem description, we added nurse grades as a separate
category.
Table 2: Different determinants of skills
Age/seniority [69, 93, 111]
Experience [16, 17, 27, 28, 35, 37, 41, 51, 52, 56, 58, 65, 66,
79, 86, 93, 106, 107, 111, 116, 117, 118, 119]
Degree of technical knowledge/capability [7, 27, 37, 41, 43, 57, 58, 79, 86, 87, 93, 103,
106, 107, 108, 109, 114, 116, 117, 118, 119]
Licenses/qualifications/job title [4, 36, 40, 42, 48, 51, 52, 56, 64, 71, 73, 74, 83,
89, 91, 94, 100, 102, 105, 111]
Nurse grade [1, 2, 3, 9, 10, 11, 16, 17, 21, 24, 26, 31, 32, 38,
65, 68, 70, 88, 92, 104]
User definable/undefined [12, 15, 19, 20, 22, 23, 33, 49, 55, 67, 68, 69,
72, 75, 77, 80, 81, 84, 85, 97, 99, 101, 115]
Other [21, 54, 66, 93, 110, 121]
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Table 2 also shows the papers that do not give a clear definition and present a
generic model where skills are user-definable. Finally, other determinants exist such
as health, gender, general cognitive ability (GCA) [78], etc.
Note that we make a difference between the level of seniority and experience. While
the level of experience depends on the number of times an employee has performed
certain tasks, the level of seniority only depends on the time the employee is already
present in the company. Majozi and Zhu [93], for example, use the level of seniority
in combination with the health of an employee (depending on the number of days
he reported himself sick) and his availability (depending on the distance between his
home and his office) to calculate the potential performance of a new manager. They
use fuzzy set theory to calculate a value which they call the grade of the new manager.
Hanne et al. [69] use the age of a driver to determine the minimum rest interval
between two rides. They assume that older drivers require longer rest intervals.
The determinants in Table 2 can have a fixed value for each employee or they can
depend on other decision variables in the model. The experience can for example
depend on the assignments of tasks to workers. Huang et al. [77] and Bhadury et al.
[22] propose a model in which workers have user-definable skills that can change
through training. The model, however, lacks the implementation of the consequences
of a change in skill level because of the training. In Section 3.3 and Table 7, the
different possibilities to change the skills of a person (such as training) are investigated.
We also make a distinction between the third determinant (the degree of techni-
cal knowledge) and the fourth determinant (the licenses, qualifications or job title).
The third determinant is about what employees are capable to do and the fourth
determinant is about what employees are allowed to do.
Table 3 lists the papers that model the skills as individual and team skills. For
individual skills, the model comprises the skill level for each single employee. When
group skills are considered, the model also (or only) looks at the skill level of a
team of workers. When a paper appears in both categories in Table 3, the proposed
model also makes decisions about the composition of the teams. In most cases, the
sum of all individual skills results in the total pooled skill level of the team. Firat
and Hurkens [56], for example, assume that a task can be processed by a group of
technicians, provided that the collective capabilities of this group are above a certain
threshold. Only a limited number of papers (e.g. Bhadury et al. [22]) model the
synergetic effect of pooling differently skilled persons in a team. While Bhadury et al.
[22] do incorporate the synergetic effect, they are only concerned with maximizing
the diversification in a team and fail to include some skill consequences like task
restrictions or performance consequences (see Table 4).
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Table 3: Individual or team/group skills
Individual skills [1, 2, 3, 4, 7, 9, 10, 11, 12, 15, 16, 17, 19, 20, 21, 22, 23, 24, 26,
27, 28, 31, 32, 33, 35, 36, 37, 38, 40, 41, 42, 43, 48, 49, 51, 52,
55, 56, 57, 58, 64, 65, 67, 68, 69, 70, 71, 72, 73, 74, 75, 77, 79, 80,
81, 84, 85, 87, 88, 89, 91, 92, 93, 94, 97, 99, 101, 102, 103, 104,
106, 107, 108, 109, 110, 111, 114, 115, 116, 117, 118, 119, 121]
Team/group skills [22, 54, 56, 64, 66, 68, 70, 73, 83, 100, 105, 108]
3.1.3. Skill consequences
Table 4 presents the different consequences of skills. We identified five main el-
ements that can be affected by the skills and/or skill level of a person: the labour
costs, the speed of work, the efficiency, the quality of work and the tasks that he or
she can perform.
It may sound obvious that higher skilled or higher educated people induce higher
labour costs, but not all papers incorporate this in their model. Row 1 in Table 4 shows
the authors who adjust the labour costs based on the skills of the employees. Other
researchers even assume that temporary workers have less skills than the permanent
workers and therefore entail lower labour costs [37, 43]. Lagodimos and Leopoulos [84]
and Lagodimos and Mihiotis [85] also assume that temporary workers have less skills
than permanent workers, but they do not take into account a difference in wages.
While higher skilled persons may involve higher labour costs, they also can increase
the speed or quality of the produced work. Restrictions concerning the speed or
quality of work can be easily formulated as constraints in a mathematical model. In
the work of Tiwari et al. [109], for example, a task can only be finished when a certain
level of quality is reached. This is only possible when the right worker is assigned to
the right task with the appropriate skill level. The speed or quality of work can also
be an objective that needs to be optimized in the objective function. Wu and Lee
[116] and Wu et al. [118], for example, try to minimize the total completion time of
projects where the speed of work is dependent on the skills of the assigned workers.
Eitzen et al. [52] and Fowler et al. [57] assume that, depending on the skill level of a
worker, a worker is equivalent to one or more workers. Hence, the skill level defines
the efficiency of the worker.
The last main skill consequence is formed by the possible task restrictions. Many
papers incorporate task restrictions resulting from the skills of a person in their model.
Certain tasks can require specific skills defined by law or by the company itself. Some
papers do not really contain task restrictions since they only want to cover the demand
for different skills in each period of the planning horizon. Because people possess
different skills, these coverage constraints impose restrictions on the type of demand
a person can cover. Therefore, we also list those papers under task restrictions.
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Table 4: Consequences of skills
Costs [10, 12, 21, 27, 28, 37, 43, 57, 58, 72, 89, 92, 93, 103, 107, 108]
Speed of work [23, 37, 41, 43, 58, 79, 86, 87, 89, 93, 106, 109, 110, 111, 116,
117, 118, 119]
Efficiency [42, 52, 57, 71, 93, 101]
Quality [15, 93, 108, 109]
Task restrictions [1, 2, 3, 4, 7, 9, 10, 11, 12, 16, 17, 19, 20, 21, 23, 24, 26, 28, 31,
32, 33, 35, 36, 38, 40, 42, 48, 49, 51, 52, 54, 55, 56, 57, 64, 65, 66,
67, 68, 69, 70, 71, 72, 73, 74, 75, 77, 80, 81, 83, 84, 85, 88, 89, 91,
92, 94, 97, 99, 100, 102, 103, 104, 105, 107, 111, 114, 115, 121]
It is also interesting to compare Table 2 with Table 4. For most research papers
that use the speed of work and efficiency in their model, the skills are determined by
the first three skill determinants (age, experience and technical knowledge). Recall
that those three determinants have a hierarchical nature. Majozi and Zhu [93] and
Tiwari et al. [109] use hierarchical skills to determine the quality and the cost of the
work performed. Techawiboonwong et al. [107] and Bard and Purnomo [10] even use
these skill determinants to determine task restrictions. Also recall that the fourth
skill determinant (licenses) has a categorical nature. Therefore, the speed of work,
the quality of work and the costs are normally not affected by those skills. Categorical
skills assume that employees work all equally well and fast, regardless of their skill
type. However, as Table 4 shows, Li and Li [89] and Corominas et al. [42] also consider
the impact of categorical skills of the workers on the speed of work and the efficiency.
This is because these authors assume that when a worker that normally performs a
certain task must suddenly perform another task (for which he is also licensed), he
will be less efficient. Hence, when workers are required to perform tasks other than
their core tasks, their efficiency can decrease while in theory it should be the same.
This phenomenon can occur when the workforce is cross-trained and, hence, workers
with specific skills are suddenly allowed to perform tasks that are normally assigned to
workers with other skills. These indirect effects of workforce decisions are the subject
of the next section.
3.2. Skill substitution and cross-training
Not all skill related workforce planning papers can be placed in one of the cate-
gories in Table 4. This does not mean that these papers totally neglect the conse-
quences of skills. Instead of modeling the direct skill consequences as in Table 4, one
can also look at the consequences of skill substitution and cross-training. Substitu-
tion of hierarchical skills occurs when workers with a certain skill level are allowed
to perform tasks that are normally assigned to workers with a lower skill level. Since
categorical skills do not have a hierarchical character, substitution of categorical skills
is not possible. Instead, the workforce can be cross-trained such that workers with
specific skills are allowed to perform tasks that are normally assigned to workers with
other skills. Such workers are often referred to as flexible workers. Substitution and
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cross-training are easy ways to increase the flexibility of the workforce such that the
company can better respond to an irregular fluctuating demand. This way, the com-
pany can cope with unexpected demand peaks without layoffs or hiring expensive new
or temporary workers. Campbell [34] even concludes that flexibility resulting from
cross-training can be more valuable than perfect information about the demand, es-
pecially when demand variability is high. Despite all advantages, substitution and
cross-training requires a certain co-operation and goodwill of the employees which
may come at a high cost. For example, when substitution is allowed, higher educated
people suddenly have to perform inferior tasks that are normally performed by less
educated workers.
In this section, we investigate the different consequences of substitution and cross-
training under different circumstances. Researchers and managers must be aware
of the different, possibly negative effects that substitution and cross-training may
present. Many papers try to incorporate the dynamics of substitution and cross-
training explicitly. Marentette et al. [94], however, model the effects of cross-training
implicitly in their model without deducing the resulting flexibility from calculations
or simulations. They assume that the input/output ratio will decrease by 8.5% (ac-
cording to the research of Pinker and Shumsky [98]) when the workforce becomes
cross-trained. This increase in resource productivity arises because of the added flex-
ibility of the workers. More work can now be done with the same number of workers
in the same amount of time. Note the important difference between productivity and
efficiency. While flexibility increases the productivity, the efficiency of the flexible
worker can decrease. Because workers are now cross-trained, they can perform more
tasks and their idle time will be lower. Hence, more output can be obtained with the
same number of workers. But as will become clear below, the efficiency of the flexible
worker will decrease when he deviates from his core tasks. Hence, the efficiency refers
to the performance of the flexible worker compared to the performance of a specialized
worker.
Hierarchical skills and substitution
When skills have a hierarchical nature, higher skilled workers can perform the work
of lower skilled workers but not vice versa. When higher skilled workers perform tasks
that are usually performed by lower skilled workers, the resulting efficiency tends to
be higher. Some papers therefore assume that the speed of work is higher when
substitution is allowed [41, 43, 58, 79, 86, 87, 93, 101, 106, 109, 110, 116, 117, 118,
119]. Tiwari et al. [109] even assume that the quality of work will be higher in
this case. Most other papers do not implement an impact on performance because
of substitution and are only interested in task restrictions imposed by the required
skills. None of the research papers in the first column of Table 5 considers a decrease
in performance in case of substitution. Recall that when workers must deviate from
their core tasks, the performance can decrease (in case of categorical skills). However,
according to the existing literature, it is not believed that substituting hierarchical
skills decreases performance because of this reason.
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While the substitution of hierarchical skills apparently does not involve the same
problems as deviating from core tasks in case of cross-training, it faces another prob-
lem with huge consequences. When higher skilled persons must perform tasks de-
signed for lower skilled persons, downgrading occurs. Even without a change in wages
this is conceived as being demeaning. Bard and Purnomo [10] incorporate this prob-
lem in their mathematical model to solve the preference scheduling problem for nurses
with downgrading. Brucker et al. [26], Burke et al. [32] and Pastor and Corominas
[97] also incorporate the preferences of the workers to work shifts that require their
primary skills. Buchan and Dal Poz [29], Currie et al. [45] and Branson et al. [25]
consider the problem of skill dilution and conclude that obtaining a cheaper skill mix
with downgrading may be no more cost effective because of the various hidden costs.
For example, querulous employees tend to have higher absence and turnover rates
[44]. Bard and Wan [12] recognize the problems with downgrading, but do not incor-
porate them in their model. The model presented by Bard and Wan [12] is special
because it uses a substitution matrix that exactly defines the allowed substitution
possibilities to avoid such problems. Also Burke et al. [31], Bilgin et al. [24] and Smet
et al. [104] assume that nurse grades are not hierarchically overlapping by default.
They even allow that a regular nurse can temporarily fill in for a head nurse, as long
as no decision making tasks are scheduled.
Categorical task skills and cross-training
Table 6 gives an overview of the papers that consider cross-training and skill spe-
cialization in their model. In an environment with categorical skills, people with
different skills can do different tasks, but there is no performance difference between
two employees with different skills. When the workforce is cross-trained, people can
perform different tasks that differ from there normal (or core) tasks which can lead
to a decrease in performance [47, 89]. Corominas et al. [42] even assume different
efficiencies for each worker for each different task. Zu¨lch et al. [121] also incorporate
the consequences of deviating from the core task of a worker, but the authors do not
directly model its impact on the performance. Instead, their model prefers to assign
workers to their core task instead of other tasks. Avramidis et al. [7] incorporate the
advantages of specialization in their model for staffing and scheduling in call centers.
They assume that in practice a given agent often works more efficiently (faster) when
handling a smaller number of call types (i.e., if his/her skill set is artificially reduced).
Ertogral and Bamuqabel [54], however, do not incorporate any disadvantages of flexi-
ble cross-trained workers in their model to solve a similar workforce planning problem
in a call center.
Marentette et al. [94] draw attention to the fact that a model should consider both
the downsides of cross-training and the advantages. Above all, these downsides must
include the high training costs incurred in order to qualify workers to perform multiple
tasks. Pinker and Shumsky [98] assume that while specialized workers can perform
higher quality work because of a greater level and complexity of experience, cross-
trained workers save money through lower staffing levels. Also Chakravarthy and
Agnihothri [39] report that a system of 100% cross-trained workers is only beneficial
when the disadvantages are limited. Maintaining a mix of flexible and specialized
workers is best for balancing the advantages and disadvantages [96].
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Operations research papers considering hierarchical skills almost never consider the
scenario without substitution (except for [21, 22, 84, 85]). Lagodimos and Leopoulos
[84] and Lagodimos and Mihiotis [85], for example, assume that a certain number of
skilled workers should always be present to assure a certain quality and to supervise
the unskilled workers. Skilled workers cannot be used as unskilled workers. For
papers considering categorical skills, it is more common to assume specialization of
the workforce (see Table 6). In such scenarios, it is often the case that the deployment
of flexible cross-trained workers is impossible from a practical point of view. Song and
Huang [105], for example, work with department specific skills. Since the different
departments are located too far from each other, it is impossible to make the workers
change department to perform another task.
Table 5: Hierarchical skills and substitution
Substitution [1, 2, 3, 9, 10, 11, 12, 15, 19, 23, 24, 26, 28, 31, 32, 35, 37, 41, 43, 51,
52, 56, 57, 58, 65, 66, 68, 70, 71, 77, 79, 80, 81, 86, 87, 88, 92, 93, 97,
103, 104, 106, 107, 108, 109, 110, 111, 116, 117, 118, 119]
No substitution [21, 22, 24, 31, 84, 85, 104]
Table 6: Categorical skills and cross-training
Cross-training [4, 7, 19, 20, 33, 36, 38, 40, 42, 48, 51, 54, 57, 64, 71, 72, 73, 75, 77,
89, 94, 102, 111, 114, 115, 121]
Skill specialization [15, 22, 23, 27, 52, 56, 74, 83, 91, 99, 100, 105]
3.3. Adapting the skill pool
While there are some differences between hierarchical and categorical skills in how
they affect the performance of the workforce when substitution or cross-training is
introduced in the model, there is no difference between the two categories regarding
the different ways to adapt the skill pool. In this section we investigate the differ-
ent possibilities used in the literature to adapt the composition of the skill pool in
workforce planning problems. An overview of the respective papers is given in Table
7. Again, we focus on the impact that certain skill decisions have on the workforce
planning problem, i.e., the impact on the costs, speed and quality of work, flexibility
etc.
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Table 7: Adapting the skill pool
Hire/dismiss temporal workers [11, 23, 27, 37, 41, 58, 70, 71, 81, 84, 85, 91, 92, 106, 107]
Hire/dismiss new/old workers [10, 15, 28, 37, 43, 57, 58, 64, 77, 89, 92, 99, 105, 121]
Training [16, 17, 36, 57, 77, 89, 94, 105, 109, 114, 121]
Learning/forgetting [23, 37, 43, 77, 79, 86, 101, 106, 116, 117, 118, 119]
Voluntary leaving [77, 105]
Hire volunteers [66, 102]
Hire/dismiss temporal workers
Hiring and dismissing temporal workers is an easy and popular way to increase
flexibility. The research papers shown in the first row of Table 7 assume that tempo-
ral workers are inferior to permanent workers in several ways. Some of them assume
that temporal workers have less skills and therefore entail lower labour costs than
permanent workers [27, 37, 58, 107]. Others mention the lower efficiency, lower speed
of work or the slower learning rate of temporal workers as their main disadvantages
[23, 37, 41, 58, 106]. Some authors assume no difference in performance between tem-
poral and permanent workers and are only concerned with task restrictions in their
model [11, 84, 85]. According to Heimerl and Kolisch [71], the temporal workers can
be more or less efficient than the internal workers. An interesting fact is that these
authors use a constraint in their model to ensure a minimum ratio of the work per-
formed by internal resources to the work performed by temporal (external) resources.
This way, core competencies can be kept within the company, the management of the
project can be performed internally, and a minimum of internal knowledge will be
employed. In general, all researchers allow for the increase in flexibility as a result of
working with temporal workers. Corominas et al. [41], for example, use this flexibility
to cope with a highly seasonal demand.
Hire/dismiss new/old workers
In contrast to newly hired temporal workers, no difference in performance is re-
ported in the literature between newly hired permanent workers and the current
workforce. Therefore, all related papers assign newly hired workers the same labour
costs in their model. Hiring and dismissing permanent workers is the most expen-
sive option, but of course allows to tune the workforce to the demand. Despite the
high costs, this can sometimes be a viable option when the disadvantages of substi-
tution are considered. Recall from Section 3.2 that flexibility can also be obtained
by substitution and cross-training. Li and Li [89], for example, explicitly model the
cross-training cost of a worker to create flexibility and the cost of hiring a new perma-
nent worker. Furthermore, they incorporate the possible decrease in efficiency caused
by letting the workers deviate from their core task (see Section 3.2) to compensate
for the high cost of hiring a new permanent worker. This way, a trade-off is made
by the model between flexibility, efficiency and costs to choose between hiring a new
permanent worker or cross-training the workforce.
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Training
Training is a straightforward way to enhance the skills of a person in order to
increase his performance (quality, speed of work and efficiency) or to allow the worker
to perform a different task. The latter is referred to as cross-training and is used when
categorical skills are considered. A good model must always contain the training cost
(loss of available working time and/or monetary costs) and the possible benefits (the
increased flexibility or performance). While learning happens automatically, training
must be planned. Hence, decisions must be made by the workforce planning model
to determine who should receive training and when this should take place.
In [57, 77, 89, 94, 105], the planning decision for cross-training the workforce is
incorporated in the model. A decision is made about how many employees should be
trained to acquire certain skills. Li and Li [89], Song and Huang [105] and Fowler et al.
[57] make these decisions on a weekly or monthly basis, but Li and Li [89] is the only
paper that does take the disadvantages of cross-training into account. Huang et al.
[77] and Marentette et al. [94] only make the training decision on a yearly basis and
therefore fail to provide the exact timing of the training. Tiwari et al. [109] and Zu¨lch
et al. [121] neglect the training decision during the workforce planning optimization
problem and only afterwards analyze the bottleneck skills. In a second phase, they
provide an advice to the management about what skills should be trained. According
to Hopp and Oyen [76], cross-training can also lead to a synergetic effect: employees
get a holistic view of the company which aids the internal communication as well as the
invention of new innovative ideas and increases the learning effect and the loyalty of
the employees. These positive indirect effects can help mitigate the negative effects of
cross-training. Including the precise timing and consequences (positive and negative)
of training tends to be a difficult task when one looks at the relevant literature.
Training can take place on the job or externally. In the technical operations
research literature, the type of training (on the job or external) is always fixed instead
of a decision variable. Training on the job is preferred in most cases because of the
direct link with the company and the lower costs. However, according to du Boulay
and Medway [50], training on the job is very difficult these days because of several
reasons. First, for some tasks, it is prohibited by law to involve people without
the necessary skills or qualifications. Therefore, Beddoe et al. [16] and Beddoe and
Petrovic [17] talk about eye-training instead of on the job training. Some researchers
incorporate the training decision in the model, but fail to consider the effects of the
training on the skills of the employees [16, 17, 36]. Second, because of high work
pressure, it might be impossible to involve people that slow down the work process.
And third, according to Markes [95], theoretical (academic) knowledge nowadays
becomes more and more important compared to practical knowledge.
Finally, we found that the skill related workforce planning literature lacks some
important features concerning training. First, the most direct effect of training, i.e.,
the reduced availability or even total absence of the worker during his training pe-
riod is never incorporated in the model. Second, when researchers dedicate special
attention to the planning of training, no attention is payed to the negative effects of
cross-training.
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Learning/forgetting
While training must be planned, learning happens automatically. Argote [6] and
Yelle [120] specify learning as learning by doing. Forgetting occurs when a worker
does not perform certain tasks for a certain period of time. Row 4 in Table 7 shows the
different papers that incorporate learning in their model to increase the performance
of the workforce. Most papers only consider a constant learning rate and increase the
skill level as time passes or tasks are repeatedly performed. Wu and Lee [116] and
Wu et al. [118] also assume that the learning rate depends on the current skill level
of an employee. On top of the learning effects, Xingong and Guangle [119], Lee and
Wu [86] and Sayin and Karabati [101] also consider the effects of forgetting and call
this the deteriorating effect. To overcome the problems of forgetting, they make use
of group theory. Their model tries to group similar tasks as much as possible in order
to increase the learning effects and decrease the effects of forgetting.
While many papers take into account learning or forgetting effects, it is striking
that most researchers do not devote sufficient attention to the realism of the method-
ology to model learning and forgetting. In many cases they assume for example that
the learning rate is linear. Only a limited number of researchers use more complex
and more realistic learning curves [23, 37, 101, 106].
Voluntary leaving
Row 5 in Table 7 shows the research papers that account for employees that leave
voluntarily, also called turnover. Employees tend to leave when they get dissatisfied
as a result of bad decisions. Huang et al. [77] and Song and Huang [105] do not link
the voluntary leaving of people to decisions in the model, but just assume a fixed
percentage of people that will leave voluntarily.
Hire volunteers
Scott and Sampson [102] consider the use of volunteers to increase the flexibility
of the company and give some insights into the dynamics of working with volunteers.
Two important issues are raised to take into account when incorporating volunteers
in the problem. First, volunteers that are hired must be utilized as much as possi-
ble because utilized labour is more likely to volunteer again in the future compared
to unutilized labour. While the utilization of hired volunteers is important, over-
utilization will decrease the availability of future volunteers. Second, the amount of
work that they are willing to perform (i.e., the committed labour) is directly linked
to the perceived quality of the tasks assigned to the volunteer. Gordon and Erkut
[66] only consider volunteers for the scheduling of a yearly recurring event. They
stress the importance of the preferences of the volunteers to make them come back
every year. Therefore, their objective is to maximize volunteer preferences subject to
several coverage constraints.
3.4. Staffing and scheduling
In Table 8, the different decision possibilities used in the literature are shown.
Staffing and scheduling are the two most important aspects of workforce planning.
While staffing is concerned with the number of workers that must be hired or dis-
missed, scheduling deals with the exact timing of the work. Hence, staffing is a key
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element of Table 7. While the staffing and scheduling decision can be made in two
consecutive phases, it can be much more beneficial to integrate both decisions in one
planning problem. As Table 8 shows, the number of papers that consider such an
integrated staffing and scheduling approach remains rather limited.
Table 8 also shows the papers that are concerned with task scheduling and task
assignment. When tasks need to be scheduled (in task scheduling problems), the
timing of the work that has to be performed is not fixed in advance. Most of the
time, only a deadline is known before which the task has to be finished. Papers that
deal with task assignment problems are looking for the optimal assignment of tasks
to workers. This is mostly the case when tasks require certain skilled workers.
When a paper about skill related workforce planning only appears in the first row
(which is only concerned about the staffing decision), the incorporation of skills will
be about something else than restrictions on task assignments. Song and Huang [105],
for example, only look to satisfy the demand for certain skills at certain time periods
and Corominas et al. [43] and Fragnie`re et al. [58] only try to maximize the output or
productivity which depends on the hired skill types. When a paper does not appear
in the second row (personnel scheduling), the timing decision is already fixed. For
example, in some cases, the decision about the working times of the workers is not
a decision variable in the model, but is determined by the tasks that are assigned to
that worker. This is for example the case in [41, 51, 55, 67, 69, 91, 102, 110].
Table 8: Staffing and/or scheduling
Staffing [37, 41, 43, 58, 64, 77, 99, 100, 101, 102, 105,
107, 121]
Personnel scheduling [1, 2, 3, 9, 11, 12, 16, 17, 21, 22, 23, 24, 26, 27,
31, 32, 33, 35, 36, 38, 40, 42, 48, 49, 52, 56, 57,
65, 66, 68, 72, 73, 75, 77, 80, 81, 83, 87, 88, 89,
97, 103, 104, 107, 108, 109, 114, 115]
Integrated personnel staffing and scheduling [4, 7, 10, 15, 28, 54, 66, 70, 84, 85, 92, 93, 106]
Task scheduling [19, 20, 37, 49, 56, 71, 73, 77, 79, 109, 111, 116,
117, 118, 119]
Task assignment [19, 20, 41, 42, 49, 51, 55, 56, 67, 69, 71, 73,
74, 77, 79, 91, 102, 103, 107, 109, 110, 111, 114,
115, 116, 117, 118, 119]
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To obtain realistic solutions, some elements should be included in the workforce
problem that are occasionally left out to simplify the model. Table 9 presents three
elements that can increase the complexity of a problem, but at the same time make
it more realistic. Allowing workers to work overtime is an easy way to increase the
flexibility, but can cause dissatisfaction of the workers. Recall that dissatisfaction can
also be caused by the negative effects of substitution such as the demeaning problem
(see Section 3.2). Bard and Purnomo [10] incorporate the individual preferences of
the employees especially to mitigate these negative effects. Hojati [74] try to satisfy
the preferences of the employees with the highest seniority level before employees with
a lower level of seniority.
Table 9: Overtime, preferences and shifts
Overtime [1, 11, 23, 27, 42, 43, 51, 70, 71, 73, 75, 81, 85, 89, 91, 92, 102, 107, 110]
Preferences [1, 2, 3, 9, 10, 11, 16, 21, 24, 26, 31, 32, 48, 55, 65, 66, 67, 68, 69, 74, 80,
88, 91, 92, 97, 102, 104, 121]
Shifts [1, 2, 3, 4, 7, 9, 10, 11, 12, 16, 17, 21, 23, 24, 26, 27, 28, 31, 32, 33, 35, 38,
40, 48, 52, 54, 65, 66, 68, 70, 72, 73, 74, 75, 80, 81, 83, 84, 85, 87, 88, 92,
97, 99, 100, 103, 104, 108, 111]
Extra complexity can also come from the fact that the workforce needs to be
scheduled in shifts. It is important to know that shift planning is usually much
harder than normal planning. On top of the usual coverage constraints, shift plan-
ning adds extra constraints about the start time and duration of shifts, shift suc-
cessions, team sizes, average working times, etc. Only a limited number of pa-
pers consider shift planning in combination with skills. While most papers consider
shifts that are predefined (with a fixed start and end time, a fixed team size,...),
only a few incorporate decisions about the composition of shifts in their model
[1, 2, 3, 7, 10, 11, 12, 24, 27, 28, 33, 48, 72, 75, 103, 104, 108]. Eitzen et al. [52]
and Gordon and Erkut [66] make decisions about the composition of shifts prior to
solving the scheduling problem instead of using an integrated approach. Hojati and
Patil [75] first find a set of good shifts in a first model and use only this subset of
shift possibilities in an integrated approach. To incorporate shifts in a workforce
planning problem, the set covering formulation developed by Dantzig [46] is most
often used [13]. As can be deduced from model (1) - (3), the number of possible shift
patterns will increase dramatically in real life problems when (lunch) breaks, flexible
start times, etc. are considered [112]. Therefore, when solving optimization problems
that include shifts, researchers often tend to use heuristics instead of exact solution
techniques (see Table 14 in Section 4.2.2).
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Set covering model to incorporate shifts
Parameters, indices and sets:
p ∈ P : set of time periods in the planning horizon
s ∈ S: set of possible shift patterns
Cs: cost of assigning a worker to shift pattern s
Rp: the staffing requirement at period p
Aps =
{
1 if shift pattern s covers time period p
0 otherwise
Decision variable:
xs: number of times shift pattern s is selected
Optimization model:
Minimize:
∑
s∈S
Csxs (1)
Subject to:
∑
s∈S
Apsxs ≥ Rp, ∀p ∈ P (2)
xs ≥ 0, ∀s ∈ S (3)
4. Technical aspects of skill related workforce planning
Until now, we mainly dealt with the managerial aspects of workforce planning
incorporating skills. In this section, we explore the technical implications of incorpo-
rating skills in workforce planning problems. First, we focus on the different modeling
techniques that are used in the literature to compose mathematical models to rep-
resent the workforce problem. Next, we look at the solution techniques proposed by
different researchers to solve the problem.
4.1. Skill modeling techniques
From Table 4 in Section 3.1.3 we can deduce that there are two possibilities to in-
corporate the consequences of skills in a mathematical model to represent a workforce
planning problem. First, skill related decisions can have an effect on the performance
and efficiency of the workers. Recall that the speed and quality of work and the
costs are three consequences that are frequently used in operations research papers.
Second, certain tasks can require a certain skill level which adds specific skill related
constraints to the model.
These two ways of incorporating the skill consequences in a mathematical model
can each be modeled in two different ways. The first way is to optimize the workforce
planning problem under specific skill related constraints. The second way is to put
skill based measures in the objective function of a mathematical problem. Table 10
gives an overview of how the relevant research papers can be classified in this way.
Table 11 shows the research papers that work with hard and soft constraints.
Hard constraints can never be violated and usually constitute the constraints in a
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mathematical model. Soft constraints are preferably satisfied, but can be violate in
the final solution. Satisfying the soft constraints is usually achieved by adding rewards
and penalties in the objective function. Zu¨lch et al. [121] appears in both categories
in Table 11 because in a first phase, the skill dependent task restrictions are soft
constraints. In the second phase, these restrictions are modeled as hard constraints
and the model determines the amount of cross-training that is required to satisfy the
hard constraint. Eiselt and Marianov [51] is also listed in both categories because
the task restrictions regarding the skill level are formulated as hard constraints in the
model, while the mismatch between the required and acquired skill level is minimized
in the objective function. Hence, avoiding substitution is a soft constraint and is
minimized in the objective function.
Table 10: Skill modeling
Skills in constraints Skills in objective function
Task restrictions [1, 2, 3, 4, 7, 9, 10, 11, 12, 15, 16,
17, 19, 20, 21, 23, 24, 26, 28, 31,
32, 33, 35, 36, 38, 40, 42, 48, 49,
51, 52, 54, 55, 56, 57, 65, 66, 69,
70, 71, 71, 73, 75, 77, 80, 83, 84, 85,
88, 94, 97, 100, 101, 102, 103, 104,
105, 107, 109, 111, 114, 115, 121]
[31, 51, 67, 68, 69, 72, 81, 89, 91,
92, 93, 99]
Skill based perfor-
mance/efficiency
measures
[23, 41, 42, 52, 57, 71, 108, 109] [27, 37, 43, 58, 79, 86, 87, 89, 93,
101, 106, 107, 109, 110, 111, 116,
117, 118, 119]
Table 11: Hard and soft skill constraints
Hard constraints [1, 2, 3, 4, 7, 9, 10, 11, 12, 15, 19, 20, 21, 23, 24, 26, 28, 31, 32, 33, 35,
36, 38, 40, 41, 48, 51, 52, 54, 55, 56, 57, 64, 65, 66, 70, 71, 73, 74, 75,
77, 80, 83, 84, 85, 88, 94, 97, 100, 101, 102, 103, 104, 105, 107, 108,
109, 111, 114, 115, 121]
Soft constraints [16, 17, 31, 49, 51, 67, 68, 72, 81, 89, 91, 92, 93, 99, 121]
4.1.1. Task restrictions
Table 10 shows that task restrictions are usually modeled in the constraints of
a mathematical model. Depending on the environment, researchers use a variant of
model (4) - (5) [83]. In this model, constraint set (5) ensures that only workers with
the required skills are assigned to a certain task. Of course, the set of workers W and
the set of persons Pt that can perform task t can be variables in the model depend-
ing on decisions regarding staffing, training, learning, substitution, etc. Furthermore,
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extra constraints can be added to make sure that each worker is only assigned to one
task. Table 12 shows the different forms the objective function (4) can take.
Generic model to incorporate task restrictions
t ∈ T : set of tasks that need to be performed
w ∈W : set of workers that are available to perform tasks
Pt: set of persons that can perform task t ∈ T (Pt ⊆W )
xtw =
{
1 if task t ∈ T is assigned to worker w ∈W
0 otherwise
Optimization model:
Optimize: Objective function (4)
Subject to:
∑
w∈Pt
xtw = 1, ∀t ∈ T (5)
While most researchers model task restrictions as constraints in a mathematical
model, some prefer to model this in the objective function. Majozi and Zhu [93],
Gu¨nther and Nissen [67], Sadjadi et al. [99], Hanne et al. [69], Eiselt and Marianov
[51], Knust and Schumacher [81] and Gutjahr and Rauner [68], for example, try to
minimize the mismatch between the skills of the person assigned to a certain task and
the required skills to perform this task. This way, Eiselt and Marianov [51] try to
avoid boredom. Hanne et al. [69] compare the two alternatives of modeling the task
restriction in the constraints and in the objective function. Deviations from the pre-
defined skill requirements give rise to penalties. Hence, the goal is to minimize these
penalties in the objective function. Because Majozi and Zhu [93] also incorporate the
costs associated with different skill levels, their model will make a trade-off between
the higher costs of the skill level of a worker and the performance of the worker based
on his skill level. Hence, the model will not choose for the cheapest option because this
will decrease the performance of the company, but it will also not choose for the most
expensive option because the costs cannot outweigh the increase in performance. Li
and Li [89] do something similar and minimize the extent of deviations from the work-
ers core tasks in the objective function. This way, a trade-off can be made between
the positive effect of the cross-training (the effects of an increase in flexibility of the
workforce) and its negative effects (see Section 3.2). Hence, the model will prefer the
assignments of tasks to employees that do not differ from their core task. Burke et al.
[31] model task restrictions in both the constraints and objective function. The hard
skill coverage constraints are modeled in the constraints while the soft skill coverage
constraints are modeled in the objective function.
4.1.2. Skill based performance/efficiency measures
As Table 10 shows, skill based performance/efficiency measures are usually mod-
eled in the objective function. Model (6)-(7), presented hereafter, shows the basics of
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this procedure [109]. While constraint set (5) restricted the tasks that can be assigned
to the workers, constraint set (7) entails no such restrictions and only ensures that
all tasks will be performed. Each possible assignment of workers to tasks is associ-
ated with a certain effect represented by the parameter Πtw. This is the resulting
effect, for instance with respect to quality, from assigning worker w to task t on the
performance of the workforce. The quality can be of direct interest to the company
or can have an indirect effect. Stratman et al. [106], for example, take into account
the costs of scrapped products as a result of a bad alignment of skills and tasks (i.e.,
bad quality). Other definitions of Πtw are the time required for worker w to perform
task t, the efficiency, the quantity of resources that worker w requires to perform task
t, etc. The objective function h() in expression (6) is therefore dependent on these
effects (Πtw). We again refer to Table 12 for an overview of the different possible
objective functions of the optimization models.
Generic model to incorporate skill based performance/efficiency measures
t ∈ T : set of tasks that need to be performed
w ∈W : set of workers that are available to perform tasks
Πtw: resulting performance effect from assigning worker w ∈ W to task
t ∈ T
xtw =
{
1 if task t ∈ T is assigned to worker w ∈W
0 otherwise
Optimization model:
Optimize: Objective function h(Πtwxtw) (6)
Subject to:
∑
w∈W
xtw = 1, ∀t ∈ T (7)
Some researchers like Tiwari et al. [109] model a skill based performance measure
in the constraints instead of in the objective function. In this particular paper, there
is a hard constraint on the final quality of a job. Only when a certain level of quality is
reached, the job can be finished. This level of quality can only be obtained by assigning
certain workers during a certain amount of time to the task. Of course, the time that
is needed to obtain the required quality depends on the skill level of the worker. In
Corominas et al. [41], there is a hard constraint on the maximum time that is needed
to finish a task while the speed of work of each worker depends on his skill level.
Corominas et al. [42] puts the efficiency (a value between 0 and 1 multiplied by the
availability of the worker) of each worker of each skill category for each task type in the
constraints to model the task coverage constraints. Furthermore, the authors assume
that not all tasks can be performed by every skill category. Therefore, Corominas
et al. [42] appear twice in the first column in Table 10. For the same reason, Eitzen
et al. [52], Fowler et al. [57] and Heimerl and Kolisch [71] also appear two times in
the first column because they assume that workers with a higher skill level are more
efficient. Hence, the efficiency of the worker is integrated into the coverage constraint.
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Table 12 shows an overview of the different possible objective functions of the
optimization models in the considered literature. This table allows to identify the
papers that use a multi-objective model to solve skill related workforce planning
problems. As was mentioned before, this often comprises a trade-off between several
opposing objectives.
Table 12: (Optimization) model objective functions
Maximize company profit/ minimize total company costs [37, 43, 72, 93, 105, 110]
Minimize labour costs [4, 7, 10, 15, 21, 23, 27, 28, 33, 41,
42, 48, 54, 57, 58, 68, 70, 71, 77,
83, 84, 85, 89, 91, 97, 99, 103, 106,
107, 108, 114, 121]
Minimize other costs (inventory, back-order,...) [42, 51, 55, 94, 107]
Minimize overtime [51, 89]
Maximize quality [106]
Minimize make span/maximize speed of work [19, 20, 49, 79, 87, 109, 111, 115,
116, 117, 118, 119]
Minimize under (demand) coverage [12, 24, 27, 36, 37, 52, 57, 68, 73,
89, 91, 92, 99, 102, 104, 121]
Minimize dissatisfaction [1, 2, 3, 9, 11, 21, 24, 26, 31, 55, 65,
66, 74, 88, 91, 92, 102, 104]
Minimize constraint violation [16, 17, 24, 31, 32, 40, 49, 68, 69,
75, 81, 88, 92, 104]
Maximize development of staff [89, 101]
Maximize equal distribution of workload [38, 51]
Minimize deviations from required skills [51, 67, 75, 89, 93, 97]
Maximize skill diversity [22]
Maximize staff utilization [64]
4.2. Solving skill related workforce planning problems
In this section, we look at the technical procedures proposed by the operations
research literature to solve workforce planning problems incorporating skills. First, we
analyze how stochasticity is sometimes introduced in the problem. Next, we discuss
the different solution techniques to solve the mathematical model.
4.2.1. Stochasticity in workforce problems
Real life workforce problems always contain some uncertainty. The demand for
products or services is hardly ever known with complete certainty and unexpected
changes are always possible. Table 13 summarizes the conducted research that takes
into account uncertainty. This table can be used in combination with Table 15 to
analyze which solution methods are used to solve which kind of problems. As Table
13 shows, it is very alarming that the number of papers that incorporate uncertainty
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in their model remains rather limited compared to the papers that investigate deter-
ministic problems. While uncertainty is ubiquitous, it remains a very popular topic
for the future research section of many papers.
Table 13: Type of problem: deterministic or stochastic
Deterministic problem [1, 2, 3, 4, 9, 10, 11, 12, 15, 16, 17, 19, 20, 21, 22, 23, 24, 26,
27, 28, 31, 32, 33, 35, 36, 37, 38, 40, 41, 42, 43, 48, 49, 51, 52,
55, 56, 57, 64, 65, 66, 67, 68, 69, 71, 73, 74, 75, 79, 80, 81, 83,
84, 85, 88, 89, 91, 92, 93, 94, 97, 101, 102, 103, 104, 107, 109,
110, 111, 115, 116, 117, 118, 119]
Stochastic problem [7, 54, 58, 70, 72, 77, 87, 89, 99, 100, 105, 106, 108, 114, 121]
Most papers that consider a stochastic problem account for the uncertainty in de-
mand [7, 54, 58, 70, 72, 77, 87, 89, 99, 100, 105, 108, 114]. Furthermore, the required
workload and required processing time for tasks can be stochastic as elaborated by
Stratman et al. [106] and Huang et al. [77]. Stratman et al. [106] also assume uncer-
tainty in scrap costs, labour costs, training costs and, like Song and Huang [105], also
allow for uncertainty related to voluntary turnover. As a source of uncertainty, Zu¨lch
et al. [121] and Fragnie`re et al. [58] consider personnel absenteeism which may lead
to unexpected shortages of qualified and non-qualified employees.
4.2.2. Solution techniques
Workforce problems of realistic size almost always require special solution tech-
niques to solve the problem in reasonable time. We found only one research paper that
can use total enumeration to obtain the optimal solution to the problem [94]. Table
15 presents the different solution techniques that are used in the scientific literature
to solve workforce planning problems incorporating skills. Table 14 can be used to
distinguish between exact and heuristic methods. (Meta-)heuristic algorithms such as
Tabu Search, Genetic Algorithms and Simulated Annealing have been used in some
cases to solve real-life employee scheduling problems that would require too much com-
putation time to solve with exact methods [53]. These techniques make it possible
to overcome the large computation times of exact models and can deliver comparable
results. It has even been proven that heuristic techniques often outperform certain
exact techniques for workforce scheduling problems of realistic dimensions [18, 30].
Glover and McMillan [63], for example, used Tabu Search to solve the general em-
ployee scheduling problem. Even in solution methods that can be used to provide
the optimal solution to the problem, heuristic procedures are sometimes used. Bard
and Purnomo [10], for example, use a heuristic approach to solve the pricing prob-
lem during column generation because their pricing problem lacks a special structure.
Therefore, the traditional exact approach cannot solve the problem in an efficient
way. Another example can be found in the work of Sayin and Karabati [101]. They
approximate their quadratic objective function by different linear pieces and then use
mixed integer programming (MIP) to solve the resulting problem. Hence, the authors
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obtain a heuristic solution even though the MIP model is solved to optimality. Bhat-
nagar et al. [23] use linear programming to obtain the optimal (fractional) solution
to the problem and apply a rounding algorithm to produce an integer result. Some
authors go even further and assume that the management is not interested at all in
some (near) optimal solution and only search for a feasible solution to the problem
[16, 17, 40, 80]. When a heuristic technique is proposed to overcome the large com-
putation time, the advantages of the speed-up should be compared with the loss in
solution quality. Wu et al. [118] and Wu et al. [117] therefore compare the results
obtained with their exact branch and bound technique to the results obtained with a
heuristic algorithm.
Table 14: Exact or heuristic
Exact [4, 12, 19, 20, 22, 27, 36, 41, 42, 43, 51, 52, 54, 55, 58, 64, 66, 70, 71,
72, 77, 79, 80, 85, 86, 87, 89, 92, 93, 94, 97, 100, 102, 103, 107, 109,
117, 118, 119]
Heuristic [1, 2, 3, 7, 9, 10, 11, 15, 16, 17, 21, 23, 24, 26, 28, 31, 32, 33, 35, 37,
38, 40, 48, 49, 52, 55, 57, 65, 67, 69, 73, 74, 75, 81, 83, 84, 88, 91, 99,
101, 104, 105, 108, 110, 111, 114, 115, 117, 118, 121]
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Table 15: Solution techniques
Mathematical programming
Goal programming [89, 102]
Integer linear programming [12, 19, 20, 36, 41, 54, 66, 85, 92, 97, 103, 109]
Non-integer linear programming [23, 42, 77]
Mixed integer linear programming [4, 7, 43, 49, 51, 56, 58, 66, 71, 75, 81, 93, 100,
101, 107, 117, 118]
Column generation [10, 11, 15, 27, 28, 52, 92]
Lagrange relaxation [83]
Benders decomposition [48]
Heuristics
Simulated annealing [9, 73, 104, 108, 117]
Tabu search [21, 24, 31, 49, 73]
Genetic algorithm [1, 2, 3, 9, 33, 57, 99, 111]
Greedy algorithm [26, 38, 49]
Other [7, 15, 16, 17, 23, 28, 32, 35, 37, 40, 52, 55, 56,
65, 67, 68, 69, 74, 75, 81, 84, 88, 91, 104, 110,
115, 121]
Discrete-event simulation [7, 77, 89, 106, 114, 121]
Simulation Optimization [72]
Constraint programming [16, 17, 40, 80]
Queuing [54, 87]
Other algorithms [12, 20, 22, 55, 64, 70, 79, 86, 105, 114, 119]
In case the skill determinants directly determine the different tasks a worker can
perform (e.g., the degree of technical knowledge or the acquired licenses), the skill
consequences are very clear and easy to implement in a mathematical model. When
this is not the case, the consequences of the differences in skill level (e.g., the quality
or speed of work) must be estimated through empirical observations and interviews.
Only a few researchers pay enough attention to the techniques to approximate realis-
tic skill consequences. Majozi and Zhu [93], for example, use fuzzy set theory within
the context of integrated planning and scheduling to approximate the potential per-
formance of a worker. Fuzzy set theory is a technique that provides a framework
for modeling uncertain or ambiguous information (such as experience, expertise, re-
sponsibility, age, etc.) that is commonly encountered in industry. The authors also
argue that traditional mathematical procedures consequently fail to address this issue
effectively. The authors then incorporate the output from the fuzzy set procedure in
a mixed integer linear programming formulation to determine the optimal solution to
the problem.
According to Table 15, mixed integer programming appears to be the most pop-
ular mathematical programming technique to solve this kind of workforce planning
problems. While integer linear programming is only concerned with integers and
non-integer linear programming is only concerned with non-integer variables, mixed
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integer linear programming considers both at the same time. Completely non-integer
programs (such as in [23, 42, 77]) are easier to solve, but often fail to give a realistic
representation of the real situation.
When heuristics are used, many researchers prefer to provide their own heuristic
based on the respective problem structure to quickly find a good solution. Besides the
three main meta-heuristics mentioned in Table 15, other heuristics are proposed in
the literature such as hill climbing [110], particle swarm optimization [37, 67], scatter
search [32, 91] and Ant Colony Optimization [68].
Simulation is mostly used to evaluate the obtained (near) optimal solution in a
stochastic environment [77, 89, 121]. In Stratman et al. [106], simulation is only used
to compare different decisions without solving a mathematical model. We refer to
Section 4.2.1 for information about the stochastic elements in the respective simula-
tion models. In Zu¨lch et al. [121], the results obtained from the simulation experiment
are used in a next step to adjust the decisions made in the first step. This process is
even repeated for several iterations. The task of simulation is, in this case, to create a
decision basis for the best disturbance compensation strategy. To obtain even better
results, the simulation information can be directly incorporated in the optimization
model in the first step. When the information from simulation is directly used in the
main optimization model, we refer to this approach as model enhancement. The term
“model enhancement (ME)” was used by Bachelet and Yon [8] to indicate a different
way of combining simulation and optimization. While most optimization-simulation
couplings focus on improving the objective function evaluated from simulation (like
the simulation optimization approach), ME still focuses on optimizing the theoreti-
cal objective function. It tries to improve the solution provided by a mathematical
model by the use of simulation. Avramidis et al. [7] use a technique that combines
simulation, integer or linear programming and cut generation. The authors show that
the standard approaches sometimes yield solutions that are highly suboptimal and
inferior to those obtained by their proposed method.
The last row of Table 15 shows the research papers that use solution techniques
different from all mainstream approaches. Xingong and Guangle [119], Janiak and
Rudek [79] and Lee and Wu [86], for example, compose their own optimization al-
gorithm based on the specific characteristics of their considered problem and prove
the optimality of the proposed algorithm. Song and Huang [105] model their problem
as a multistage stochastic program and propose a successive convex approximation
method which solves the problem in stages. In order to maximize the synergetic ef-
fects of heterogeneous teams, Bhadury et al. [22] model the problem as the so called
dining problem. In the dining problem, the invited families wish to develop a seating
arrangement where it is ensured that at each table there is representation from as
many different families as possible. Hence, the social interaction must be maximized.
To solve this problem, Bhadury et al. [22] transform this problem into a max flow
network problem and apply an exact efficient algorithm.
4.3. Complexity issues
Workforce planning problems are, in general, very difficult to solve, even when they
are tackled in a simplified version containing only a single criterion and homogeneous
skills [33]. Moreover, the problem has been known to be NP-complete [14]. When
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multiple criteria and mixed skills are involved, the problem becomes even much more
difficult to solve. Firat and Hurkens [56] call the problem with mixed skills the multi-
skill technician task scheduling problem (MTTSP). They proof the NP-hardness of
this problem as the Subset Sum problem can be seen as a special case of MTTSP (see
Garey and Johnson [60] for the NP-Hardness proof of Subset Sum).
Another issue concerning the complexity of skill related workforce planning that
is often raised is symmetry. The most important difference between problems that
assume a heterogeneous workforce and problems that consider a homogeneous work-
force (regarding complexity) is the absence of symmetry. Symmetry exists in a linear
program if its variables can be permuted without changing the structure of the prob-
lem [59]. In the case of workforce planning, symmetry arises when the model contains
different variables for each worker, while those workers are in fact similar to each
other. In that case, there is no difference in assigning worker 1 or worker 2 to a cer-
tain job. The problems with symmetry come from the fact that many sub-problems
in the enumeration tree are equal, leading to a wasteful duplication of effort [59]. A
recent survey of techniques developed in the constraint programming community to
solve symmetric problems is provided by Gent et al. [61].
Symmetry should not be a problem when handled correctly. It has even been
exploited in mathematical programming in order to speed up solution methods [90].
The first step is always to detect symmetries and the second step is to compose a
solution technique to avoid symmetry problems. An example of a research paper that
successfully removes symmetry in order to solve the airline crew scheduling problem
is Vance et al. [113]. When skills are introduced into the problem and the workforce
becomes more heterogeneous, symmetry disappears. This eliminates of course the
need for difficult techniques to remove symmetry, but unfortunately also eliminates
the possible speed up in computation time.
5. Application areas
In this section, we investigate the different application areas of the published
workforce planning research incorporating skills. Table 16 shows a classification of the
main application areas we discovered: services, manufacturing, military and general.
The category “General” contains all research papers that do not target a specific
application area. We make a distinction between services and manufacturing because
unlike manufacturing, where standard shifts and days off are the rule, the service
industry often operates 24 hours a day, 7 days a week and faces widely fluctuating
demand [13]. We also divide the services in more specific application areas because
the service area is often complicated by labour laws, union contracts and aperiodic
fluctuations in demand that may vary wildly depending on the application area.
In Table 17, we categorize the related research papers on whether they present a
real case study in their paper or limit themselves to test sets or no test case at all.
A clear distinction is made between the research that makes use of computational
tests based on real data and research that uses computational tests based on purely
theoretical data generated by the authors. Test sets that are generated using statis-
tical distributions based on real-life data (e.g., averages based on observations) are
also considered to be test sets based on real data. As Table 17 shows, the research
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that is actually applied in practice (i.e., the real case studies) remains rather limited.
Fortunately, the number of research papers that do not provide a test of the proposed
model also remains limited to a few cases.
Table 16: Application areas
Services
General [42, 51, 64, 66, 67, 75, 77, 87, 102, 105, 111]
Health care [1, 2, 3, 9, 10, 11, 16, 17, 21, 24, 26, 27, 28, 31, 32, 38, 40,
55, 65, 68, 70, 88, 89, 92, 104]
Maintenance [37, 56, 71]
Call center/telecommunication [7, 15, 54, 56, 72, 74, 108, 109, 110, 114]
Transportation [12, 33, 36, 69, 73, 80, 81, 91, 94]
Manufacturing/production [23, 41, 43, 52, 57, 79, 83, 84, 85, 86, 93, 106, 107, 116,
117, 118, 119, 121]
Military [94, 100]
General [19, 20, 22, 35, 48, 49, 58, 97, 99, 101, 103, 115]
Table 17: Real test case or theoretical tests
Real case study [10, 21, 22, 23, 24, 31, 38, 49, 55, 66, 70, 80,
81, 88, 91, 92, 104, 106, 115, 121]
Computational tests based on real data [1, 2, 3, 7, 11, 12, 16, 17, 26, 27, 28, 32, 33, 36,
37, 40, 41, 51, 52, 64, 65, 67, 68, 71, 73, 74, 75,
77, 84, 89, 94, 99, 100, 102, 110]
Computational test based on generated data [9, 19, 20, 27, 35, 40, 42, 43, 48, 49, 54, 55, 57,
58, 69, 72, 83, 85, 87, 93, 97, 101, 103, 105,
107, 108, 109, 111, 114, 117, 118]
No test case [79, 86, 116, 119]
It is remarkable that many researchers claim that they present a generic model
that can be applied to many different settings, while each researcher comes up with
a completely different approach. We found that [15, 41, 43, 56, 57, 73, 79, 86, 93, 94,
101, 110, 116, 117, 118, 119] present a more or less generic approach to incorporate
skills in workforce planning problems. Note that these research papers mainly focus on
manufacturing applications. This is not very surprising because this application area
is mostly concerned with assigning workers to tasks subject to task or performance
restrictions. Therefore, manufacturing is also the most important application area for
this kind of research.
As Table 16 shows, Wongwai and Malaikrisanachalee [115] and Bhadury et al. [22]
present a general model that is not limited to a specific application area. Their model
is however only suitable for areas working in a project structured environment. Huang
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et al. [77], Firat and Hurkens [56], Drezet and Billaut [49], Heimerl and Kolisch [71],
Bellenguez-Morineau and Ne´ron [20] and Bellenguez and Ne´ron [19] also present a
model for project based scheduling. While most researchers claim that they present
a generic model, some researchers are very specific regarding the domains to which
their application can be extended. Lee [87] for example present a general model for
a service environment. According to the authors, the model can be applied to the
rotating work schedule for parking lot attendants at lots which have a single entry-
exit point, the exchange department of a supermarket where a group of workers rotate
between customer service (e.g., goods exchange, refund) and providing price checks
for the different check-out counters and the rotating work schedule for sales personnel
at the computer division of a consumer electronic store. Another example is the work
of Batta et al. [15]. While this work is focused on call centers, it can also be applied
to other examples of service centers such as hospitals (assigning nurses to different
wards) and police departments (assigning police officers to different tasks).
6. Summary
In this research, we provide an overview and classification of the relevant opera-
tions research literature in order to guide the researcher in his search to find useful
papers and information regarding skill related workforce planning problems. The
unique feature of this approach is that we not only consider the relevant technical
literature, but also the relevant managerial literature.
As it is important for an operations researcher to identify all potential factors
that may impact the workforce decisions, we first focus on the managerial aspects of
incorporating skills in workforce planning problems. Therefore, we give an extensive
definition of skills in the first section of this paper. We identify different classes,
determinants and consequences of skills and elaborate the different consequences of
substitution and cross-training. Thereafter, the different ways to adapt the skill pool
are considered as well as the focus on staffing and scheduling in the literature. The
final objective of the managerial insights we provide in this paper is to make opera-
tions researchers aware of the complex dynamics of incorporating skills in workforce
planning problems and to promote the development of more realistic and applicable
mathematical models.
In the next sections, we investigate the technical details of skill related workforce
planning as we try to point the interested researcher to useful information related
to his research. We first look at the different ways to model skills in mathematical
problems (in the constraints and objective function) and formulate the two respective
generic mathematical models. Next, our focus is on the variety of solution techniques
proposed in the literature where we make a difference between heuristic and exact
solution approaches.
Finally, the different application areas are explored and we discus the possible
ways that researchers use to validate or test the proposed models.
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7. Conclusion and discussion
Based on the evidence found in the reviewed literature, we would like to point
out several possible pitfalls when incorporating skills in workforce planning models.
One of the most important requirements for a successful implementation of skills in
a workforce planning problem is the correct classification of the skills that are used.
Since categorical skills give rise to other consequences than hierarchical skills when
substitution or cross-training is introduced, defining the skill class is very important.
Hence, research papers that lack this important definition often fail to propose a
realistic and useful model.
Another pitfall is the use of bad assumptions underlying the model. We would
like to warn the researcher for the missing (or the ill-considered) link between skill
determinants and skill consequences. When task restrictions are the only consequence
of skills in the model, it is easy to incorporate the link between the worker’s licenses,
qualifications or even experience and the tasks he or she is allowed to perform. When
the skill consequences concern the efficiency or the speed or quality of work, the exact
link between the skill determinants and consequences is less easy to establish. We only
found one paper that thoroughly describes the link between the skill determinants and
skill consequences. Furthermore, most of the papers we considered in this literature
review do not give a clear description of how they determine the resulting efficiency or
performance change because of substitution or cross-training. It is no use to propose
a complex model when the underlying assumptions are not accurately defined. One
can also not expect such a model to produce applicable solutions.
Even with correct assumptions, some models proposed in the literature still fail to
represent a realistic scenario. In order to solve a realistic problem efficiently, simplifi-
cations are often needed. Therefore, some complicating elements such as preferences,
decisions about the composition of working shifts, stochasticity, etc., are often ex-
cluded from the model. Especially stochasticity appears to be a very difficult element
to deal with. Despite the fact that most researchers recognize the importance and
ubiquity of stochasticity, it remains the most popular topic of the future research
section in many papers.
Workforce planning tends to be a very difficult problem, even without the inclusion
of stochasticity. The problem is known to become even harder when skills, shifts and
multiple criteria are considered. Therefore, it is almost impossible to solve problems
of realistic size to optimality. This is however not always necessary because the
management of a company often prefers a fast and good solution to the optimal
solution. Hence, it is not surprising that researchers who are concerned with realistic
problems resort to heuristic solution methods instead of exact approaches.
Finally, we found that the number of research papers presenting a model that
has been applied to a real life problem is very limited. Therefore, we would like to
encourage researchers to test their model on real life cases. As a final remark, we
think that the workforce planning literature regarding skills would greatly benefit
from research that is concerned with real life problems, proposing fast and good
heuristics, using assumptions based on sound empirical evidence and does not neglect
uncertainty.
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